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Word Boundary Detection with Mel-Scale Frequency
Bank in Noisy Environment
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Abstract—This paper addresses the problem of automatic word are not sufficient to get reliable word boundaries in noisy en-
boundary detection in the presence of noise. We first propose an vironment, even if more complex decision strategies are used
adaptive time-frequencyATF) parameter for extracting both the [5]. Especially, the zero-crossing rate is very sensitive to the

time and frequency features of noisy speech signals. The ATF . -
parameter extends the TF parameter proposed by Junquaet additive noise. Up to date, several other parameters were pro-

al. from single band to multiband spectrum analysis, where the POSed, such as linear prediction coefficient (LPC), linear pre-
frequency bands help to make the distinction of speech and noise diction error energy [6], [7] and pitch information [8]. Although
signals clear. The ATF parameter can extract useful frequency the LPC's are quiet successful in modeling vowels [9], they are
information by adaptivelychoosing proper bands of the mel-scale ¢ harticular suitable for nasal sounds, fricatives, etc. The reli-
frequency bank. The ATF parameter increased the recognition o ’ ] "

rate by about 3% of a TF-based robust algorithm which has been ab|I|ty_of the LPC parameter depends on the noise environment.
shown to outperform several commonly used algorithms for word ~ The pitch information can help to detect the word boundary, but
boundary detection in the presence of noise. The ATF parameter it is not easy to extract the pitch period correctly in noisy envi-
also reduced the recognition error rate due to endpoint detection ronment. Four endpoint detection algorithms were compared in
to about 20%. Based on the ATF parameter, we further propose a 151. 53 energy-based algorithm with automatic threshold adjust-
new word boundary detection algorithm by using a neural fuzzy Lo - - -

network (called SONFIN) for identifying islands of word signals in ment 31 [4], us_e of pltc_h |n_f0rmat|on [8], a noise adaptive 9'90'
noisy environment. Due to the self-learning ability of SONFIN, the  fithm, and a voiced activation algorithm. These four algorithms
proposed algorithm avoids the need of empirically determining are strongly dependent on the noise condition. The reliability of
thresholds and ambiguous rules in normal word boundary the parameters used by the four algorithms also depends on the
detection algorithms. As compared to normal neural networks, noise condition.

the SONFIN can always find itself an economic network size in In th ti 3 Wt al. [5 d the ti f
high learning speed. Our results also showed that the SONFIN’s n the connection, Junquet al. [5] propose € tme-ire-

performance is not significantly affected by the size of training set. guency (TF) parameter. They used the frequency energy in the
The ATF-based SONFIN achieved higher recognition rate than fixed frequency band 2503500 Hz to enhance the time en-
the TF-based robust algorithm by about 5%. It also reduced the ergy information. The TF parameter is the result obtained after
recognition error rate due to endp_oint detection to _about_lO%, smoothing the sum of the time energy and frequency energy.
compared to an average of apprOX|mater_30% o_btalned Wlth_the The hel ¢ ke the distinction betw
TF-based robust algorithm, and 50% obtained with the modified e lrequency G_)nergy elps us to make the distincion between
version of the Lamelet al. algorithm. speech and noise. Based on the TF parameter, a robust algo-
rithm was proposed in [5] to get more precise word boundary in
noisy environment. This robust algorithm includes noise clas-
sification, a refinement procedure, and some preset thresholds.
Although this algorithm outperforms several commonly used al-

. INTRODUCTION gorithms for word boundary detection in the presence of noise, it

N important problem in speech processing is to dete@??ds to empirical!y determine thresholds and ambiguous rules

the presence of speech in noisy environment, where tfybich are not easily determined by human. Some researchers
word boundary is hard to detect exactly. This problem is oftéff€d the neural network’s learning ability to solve this problem.
referred to as the robust endpoint location problem. The ind8-[6], [7], [10], multilayer neural networks are used to classify
curate detection of word boundary will be harmful to recognfhe speech signalinto voiced, unvoiced, and silence segments. In
tion. The energy (in time domain), zero-crossing rate, and dine neural network approach, the decision rules are in the form
ration parameters have been usually used to find the bound@HnPut-output mapping, and can be learned by the training pro-
between the word signal and background noise [1]—[4]. It h&§dure (supervised leaning). However, the proper structure of

been found that the energy and zero-crossing rate parametBgsnetwork (including numbers of hidden layers and nodes) is
not easy to decide.
To develop a more robust word boundary detection algorithm
and avoid the problems of the above approaches, this paper
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ctlin@fnn.cn.nctu.edu.tw). more accurate frequency information can be obtained by con-
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motivation, we propose a new robust parameter, caltiptive
time-frequencyATF) parameter, which extends the TF param-
eter from single-band to multiband spectrum analysis based on
the mel-scale frequency bank (20 bands). A procedure is pro-
posed such that the ATF parameter can extract more informative
frequency energy than the single-band approach to compensate
the time-energy information bgdaptivelychoosing proper fre-
guency bands. The ATF parameter is the result obtained after
smoothing the sum of the time energy and frequency energy. It
makes the word signal more obvious than the TF parameter. Ac-
cording to our experiments, the new ATF parameter can increase
by about 3% the recognition rate of the robust algorithm pro-
posed by Junquet al.[5], in which all the thresholds have been
tuned exhaustively for our test environment. The ATF-based ro-
bust algorithm also reduced the recognition error rate duefg. 1. Mel-scale filter-bank in which each filter has a triangular bandpass
endpoint detection to about 20%, compared to an average of tigruency response with bandwidth and spacing determined by a constant
proximately 30% obtained with the TF-based robust algorithrf§&-freauency interval.

and 50% obtained with the modified version of the Lawmiedhl.
algorithm [3], [4]. A. Auditory-Based Mel-Scale Filter Bank

Based on the ATF parameter, we further propose a new wordThere is a evidence from auditory psychophysics that the
boundary detection algorithm by using a neural fuzzy netwohuman ear perceives speech along a nonlinear scale in the fre-
for identifying islands of speech signals in noisy environmenjuency domain [14]. One approach to simulating the subjective
The neural fuzzy network is called self-constructing neurgpectrumis to use a filter bank, spaced uniformly on a nonlinear,
fuzzy inference network (SONFIN) that we proposed previvarped frequency scale, such as the mel scale. The relation be-
ously in [11]. Due to the self-learning ability of SONFIN, theween mel-scale frequency and frequency (Hz) is described by
proposed algorithm avoids the need of empirically determininge following equation [15]:
thresholds and ambiguous rules in normal word boundary
detection algorithms. The SONFIN can always find itself an mel = 2595log(1 + f/700) 1)
economic network size in high learning speed, and thus avoids
the need of empirically determining the number of hiddeffheremcl is the mel-frequency scale arfds in Hz. The filter
layers and nodes in normal neural networks [12], [13]. Our eRank is then designed according to the mel scale as shown in
perimental results showed that the proposed scheme achielyié 1. where the filters of 20 bands are approximated by simu-
higher recognition rate by about 2% than the well-tunegting 20 triangular band-pass filersl:, &) (1 < ¢ < 20, 0 <

ATF-based robust algorithm, or by about 5% than the origin] < 63), over a frequency range of31000 Hz. Hence, each
well-tuned TF-based robust algorithm. It also reduced tfjge’ band has a triangular bandpass frequency response, and

recognition error rate due to endpoint detection to about 1083€ SPacing as well as the bandwidth is determined by a constant
compared to about 20% obtained with the ATF-based robﬁg?l frequency interval by (1). The value of the triangular func-
algorithm. Our experiments also showed that the SONFINYO™: /{4, &), in the figure also represents the weighting factor
performance was not significantly affected by the size & the frequency energy at tiigh point of theith band.
training set. With the mel-scale frequency bank given in Fig. 1, we can
This paper is organized as follows. The ATF parameter is fg@W calculate the energy of each frequency band for each
rived in Section II, where the performance evaluation and cofi’€ frame of a speech signal. Consider a given time-domain
parisons of this new parameter are also done. In Section [IPISY SPeech signaki.e(m, n), representing the magnitude
the structure and function of the SONFIN is briefly introduced! thenth point of themth frame. We first find the spectrum,
and then the SONFIN-based word boundary detection schemdtsa(m; k), of this signal by discrete Fourier transform
proposed. The performance evaluation and comparisons of {hé8-Point DFT)

4000

Frequency (Hz)

proposed scheme using the ATF parameter are performed exten- N—1
sively also in Section Ill. Finally, the conclusions of our work 4, (m, k) = Z Tiime(m, n)WE 0< k<N —1,
are summarized in Section IV. =0
0<m<M-1, (2)
Wi = exp(—j2r/N) ®3)
[l. ADAPTIVE TIME-FREQUENCY (ATF) PARAMETER where
Treq(m, k) magnitude of théth point of the spectrum of
In this section, we generalize the single-band analysis of the the mth frame;

TF parameter to multiband analysis based on mel-scale fre-V 128 in our system;
guency bank and propose a nadaptive time-frequendATF) M number of frames of the speech signal for

parameter. analysis.
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We then multiply the spectrumg.q(m, k) by the weighting P2)=Max{S — {P(1)}}
factors f(¢, k) on the mel-scale frequency bank and sum the P(3) =Max{S — {P(1), P(2)}}
products for allk to get the energy:(m, ¢) of each frequency

band: of themth frame :
N-1 P(20) =Max{S — {P(1), P(2), ---, P(19)}}  (9)

xz(m, i) = Z |Btreq (e, K)| (i, k), 0 < m < M —1,
k=0 whereP(1) is the maximum total energy, ad®{20) is the min-

1<4<20 (4) imum total energy. Let the band index corresponding’{o)
be represented hi(:) for: = 1, 2, ---20. That is,{(1) is the
where _ index of band having the maximum total eneidfi ), andl (20)
i filter band index; is that having the minimum total enerdy(20). We observed
k spectrum index; that not all of the 20 bands were helpful in making the distinction
m_ frame number; _ between word signal and background noise. The next problem is
M number of frames for analysis. how to select the useful bands. We shall deal with this problem

In order to remove some undesired impulse noise in (4), Wethe following subsection.
further smooth it by using a three-point median filter to get
(m, ©) . :
B. Adaptive Band Selection

z(m—1,9) +$(ﬂ;’ )+ az(m+1, L). (5) Before we consider the adaptive choices of suitable bands

for extracting useful frequency information, we first make some
Finally, the smoothed energyy(m, ¢), is normalized by re- observations on the effect of additive noise on each frequency
moving the frequency energy of background noise, Noise_frdsand. Obviously, larger background noise will add more noise
to get the energy of almost pure speech sighdln, i), where component into each band, and thus reduce &a@h. How-
the energy of background noise is estimated by averaging #er, some bands are corrupted more seriously than the others.
frequency energy of the first five frames of the recording These seriously obscured bands have little word signal informa-
tion left, and are not useful, if not harmful, for word boundary
detection. In other words, the number of useful bands decreases

&(m, ©) =

X(m, i) =2(m, i) — Noisefreq
4

. ) as the energy of background noise increases. We denote the
Z &(m, 1) number of bands useful for producing reliable frequency energy
=i(m, i) - 2= (6) asN,.LargeN, should be used at high SNR. On the contrary,

5 small N, is used at low SNR because most bands are corrupted

With the smoothed and normalized energy ofiifidband of the seriously by the additive noise. On the other experiments, we
mth frame, X (m, ), we can calculate the total energy of th@bserved that even at the same noise energy level (SNR), the

almost pure speech signal at thk band a2 (¢) useful bands are different under different noise conditions. This
M1 is because different noise sources focus their energy on different
. . frequency bands. Hence, there are two factors affecting the se-
E(i) = X 7). 7
@ Z X (m, D) O lection of useful bands, SNR, and noise characteristics. The ef-

m=0 fects of these two factors can be detected by the total frequency
Since our goal is to select some useful bands having the magergy£(:) in (7).

imum word signal information, we need a parameter to standroy jllystration, the smoothed and normalized frequency en-
for the amount of word signal information of each band. It i§rgies of a clean speech sign&km, ) in (6), for 20 bandgi =
obvious thatE(¢) in (7) is a good indicator for the amount 0f17 2, -+, 20) and 100 frame$m = 0, 1, - - -, 99) are shown
speech information, since the more the word signal informati(p[qq:ig_ 2(a). Specifically, the energies of the fifth and eighteenth
is covered by the noise, the smaller &) is. In other words, bands,X (m, 5) and X (m, 18), are shown in Fig. 2(b). From
the larger thetz(i) is, the more word signal information thth  the figure, we observe that the word signal is clear (in the sense
band has. Hence, we can extract useful frequency mformaﬂgpfrequency energy) in both the fifth and eighteenth bands,
for word boundary detection by adopting the bands having largg,ose maximum (m, 4) values are about 40 and 30, respec-
E(0). o _ tively. If we consider the total frequency energy:) in (7),
Since the band with highef(i) contains more pure speechygip E(5) and E(18) are large withE(5) > E(18) > 300.
information, we shall sort the 20 mel-scale frequency bands 3¢ance, both the fifth and eighteenth bands can help us to find
cording to theirE(7) values. This is also a preparatory task fofhe word signal part, and are recognized as useful frequency
the adaptively band-chosen method developed in the followiggnds. We then add white noise (10 dB) to the same clean speech
subsection. Let' be the set of alE(<) signal to see the effects of adding noise on each band. The
N correspondingX (m, i) values of the 20 bands are shown in
S={B@i=1,23 -, 20} ®) Fig. 3(a), and thé ne\R)((m, 5) andX (m, 18) values are given
The sorting is performed as follows: in Fig. 3(b). We observe that the additive noise reducés:, 5)
and X (m, 18), and thus reduceB(5) and E(18), but we still
P(1) =Max{S} haveE(5) > E(18). Hence, both the two bands are corrupted
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léip. 3. Multiband spectrum analysis of the speech signal in Fig. 2 with
additive white noise of 10 dB. (a) Smoothed and normalized frequency
energies, X (m, i), on 20 frequency bands. (b) Smoothed and normalized
frequency energiesX (m, 5) and X (rn, 18), on the fifth and eighteenth
frequency bands.

Fig. 2. Multiband spectrum analysis of a clean speech signal with length
100 frames. (a) Smoothed and normalized frequency energigs,, ), on 20
frequency bands. (b) Smoothed and normalized frequency eneigfes, 5)
and X (m, 18), on the fifth and eighteenth frequency bands.

by the additive noise. However, Fig. 3(b) shows that the eigh-

A i _ TABLE |
teenth band is corrupted by the added noise more seriously than EXPERIMENTAL STATISTICS ON THE
the fifth band £(5) > 300 andF(18) < 300). The word signal AVERAGE NUMBER OF BANDS WHOSE Ei() > 300 UNDER DIFFERENTNOISE
is still clear in the fifth band whose maximufi(m, 5) value CONDITIONS AND SNRS
is about 30, but the word signal is ambiguous in the eighteenth i Noise i
i SNR White Babble Cockpit Factory
band whose maximurX (m, 18) value falls below ten. As a Clean 168 168 158 Is8
result, we cannot extract helpful word signal information from 1548 11.0 164 13.2 15
the eighteenth band, and we will not use this band as a useful 48 7.6 159 8.1 10

frequency band. On the other hand, the fifth band is still a useful
frequency band in the added white-noise environment.

In order to provide some physical justification for that higheipformation in our test cases. Hence, we boundAhevalues
noise level will lead to a smaller value d¥,, the average between 3 and 18 for the noisiest and clean environments,
number of bands whose total energs(:) is greater than respectively. Within the range (3, 18),, is tuned adaptively
300 under different noise conditions and SNRs is shown @¢cording to the strength of background noise; higher noise
Table | (with a total of 600 utterances.) We can easily fintpvel should lead to smalley,, value as observed in Table I. To
that the number of useful bands decreases as the energy ofa@@in a reliable tuning rule faW,,, we first observed from our
background noise increases. experiments that the average frequency energy of background

Based on the above discussion and illustrations, we n&\RiS€: Noise_freq [see (6)], is 83 in clean environment, and
propose a way to choose the number of useful bands adaptivélyS &t @ low SNR value (5 dB). We set the corresponding
for extracting helpful frequency information. More preciselyimbers of useful bands to be 18 and 3 for these two extreme
after ordering the band indexes according to their total fr§8Ses, respectively. For computation simplicity, we assume that
quency energyE(4)) as in (9), we want to decide the numbethe relation _betweer_Na and _N0|se_freq is Iln_ear. With the
N, such that the firsiV, bands(I(1), I(2), - --, I(N,)) can above experimental observations and assumption, we sketch the
produce helpful frequency energy?(1) = E(I(1)), P(2) = relation diagram betweefv, and Noise_freq in Fig. 4. From
E(I(2)), ---, P(N,) = E(I(N,))). At first, we observed this figure, we can derive the tuning rule fdf, as follows:

from our experiments that the first 18 bands (after ordering)

could provide the maximum improvement for word boundary _Na —18 _18-3 7
detection in clean environment. Little improvement was Noisefreq— 18 83 —93
observed with the addition of the other two bands. We also ob- 3 No =18,

served that one or two bands only cannot give helpful frequency N, is an integer (10)
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which gives Na

N, =—1.5 x Noisefreq+ 142.5,
3< N, <18, N,isaninteger (12)

Rewriting the above result into a general form, we have

N, =|A x Noisefreq+ B, 3< N, <18, 3
A=-15 andB =142.5 (12)

where| | is a function used to denote the rounding to nearest B B Mok g

integer operation, andl and B are constants determining the Fig. 4. Relation betweetV, andNoise_freq
slop and offset, respectively, of the linear relation betwagn -

and Noise_freq, wherd is negative. » . .
With the number of useful bandsy,, decided by (12), we recognition rate of speech recognizer. In the following, we shall

then sum the total energies of the fir§t bands (after ordering) introduce the used word boundary detection algorithm, speech

in (9) to get the final frequency energk(m), of framem recognizer, test database, and the evaluation results.
' 1) Robust Word Boundary Detection Algorithrithe algo-

N . rithm adopted for word boundary detection in this subsection
F(m) = X(m, I(i)). (13) s the robust algorithm proposed by Junaaiaal. [5]. This ro-
i=1 bust algorithm used the TF parameter and was shown to out-
The proposed adaptive time-frequency (ATF) parameter of tRgrform several commonly used algorithms for word boundary
mth frame is the result obtained after smoothing the sum of tHgtection in the presence of noise. We shall feed this algorithm

frequency energy(m) in (13) and time energ¥(m) with the proposed ATF parameter instead of TF parameter later
for performance comparisons. The robust algorithm first per-

ATF(m) = SMOOTHING(T'(m) + cF(m)) (14) forms a noise classification procedure to determine noise level
) ) ~ (high, medium, or low) and the noise category (high or low
where SMOOTHING is performed by a three-point mediafaro-crossing rate) by using ten frames of “relative” silence at
filter as in (5), constant is a proper weighting factor, andihe peginning of the recording, and computing an average of
the time energyi(m) is given by smoothing and normalizingine |ogarithm of the rms energy and the zero-crossing rate on
the logarithm of the root-mean-square (rms) energy of thgese frames. A set of empirically determined threshold values
time-domain speech signal are used to perform the noise classification. After noise classifi-
cation, the robust algorithm applies a noise adaptive procedure
= 5 to determine the word boundary. It uses the TF parameter with
Z Time (M, 1) some thresholds to find the islands of reliability boundary. Fi-
TLZOT’ (15) nally, the refinement procedure which also depends on the noise
classification results is applied to the initial boundary. It tries
Fems(m) = Toms(m = 1) + x““z(m) t Zrms(m +1) (16) to find the earliest boundary by subtracting adjustment value
. L typically 20 ms) from the beginning boundary to obtain new
T(m) = &rms(m) — Noisetime, E)gﬁnda?/y (maxi?num up to 130 msgfrom the geginning island
of reliability boundary.) Then, using some thresholds to deter-
mine the end of finding final beginning boundary. It tries to find
= s (m) = 22— (17) the latest boundary by adding adjustment value (typically 50
ms) from ending boundary to obtain new boundary (maximum
where L is the length of the frame, which is 120 (15 ms) inyp to 150 ms from the ending island of reliability boundary).
our system. The procedure to calculate the ATF parameterrigen, using some thresholds to determine the end of finding
illustrated in Fig. 5(a). The details of the block with label “Seleginal ending boundary. The thresholds in the refinement proce-
N, useful bands to produce frequency energy” of this figure iure include the logarithm of the time-domain rms energy and
shown in Fig. 5(b). zero-crossing rate.
2) Speech Recognition Systeffihe speech recognition
system used in this paper for evaluating the performance
In this section, we shall test the performance of the proposefiword boundary detection algorithms is a robust isolated
ATF parameter, and compare it to the original TF parametevord recognition system consisting of two parts, feature
The tests are performed by using either ATF or TF parametextractor and classifier. In the feature extractor, the modified
as input feature of a word boundary detection algorithm. Theo-dimensional cepstrum (modified TDC-MTDC) [16]-[19]
detected word signal is then sent into a speech recognizer. Siiscased as the speech feature. The MTDC can simultaneously
inaccurate detection of word boundary is harmful to recognitiorepresent several types of information contained in the speech
the performance of the word boundary detection process, amaveform: static and dynamic features, as well as global and
thus the performance of the ATF parameter, is examined by tlie frequency structures. To represent an utterance, only some

Lrms (m) = 108

C. Evaluation of the ATF Parameter
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Fig. 5. (a) Flowchart for computing the ATF parameter. (b) Adaptive band selection procedure in (a) for computing frequency energy.

MTDC coefficients need to be selected to form a feature vecteampling rate of our system is 8 KHz. The noise signals
instead of the sequence of feature vectors. The MTDC hae taken from the noise database provided by the NATO
the advantage of simple computation and is suitable for noiResearch Study Group on Speech Processing (RSG.10)
speech recognition due to its choices of robust coefficientdOISE-ROM-0 [20]. The database consists of 24 noise
In the classifier, a Gaussian clustering algorithm is used. Theurces in order to offer as wide as possible variations in
training was done on clean speech pronounced in a cledraracteristics. Among these noise sources, we take four
environment (without background noise.) In the training phasigpical types of noise for speech contamination in our
each model is trained by a mixture of four Gaussian distributi@xperiments. They are multitalker babble noise, cockpit
density functions. We use a total of 1000 utterances for trainingpise, noise on the floor of car factory, and white noise.
The details of the above isolated word recognition system c@he original NOISE-ROM-0 data were sampled at 19.98
be found in [19]. KHz and stored as 16-bit integers. In our experiments,
3) Test Environment and Noise Speech Databdsethe they are prepared for use by downsampling to 8 KHz and
recognition procedure, the frame window used for obtainiregpplying attenuation on them. The attenuation was applied
the MTDC features is 30 ms in length, and is with 1%0 enable the addition of noise without causing an overflow
ms overlapping between two frames. In the word boundao§ the 16-bit integer range. The speech data used for our
detection procedure, the frame length is set to be ¥xperiments are the set of isolated Mandarin digits. They
ms in order to get more accurate endpoint location. Tlege ten digits spoken by 10 speakers and each speaker
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Fig. 6. Recognition rates of three word boundary detection algorithms (ATF-based robust algorithm, TF-based robust algorithm, and TF withtmdntivay
in an MTDC-based recognition system across six SNRs and four noise conditions.

pronounced 20 times of the ten digits. The recording By our previous study, there are two factors affecting the dis-
sampling rate is 8KHz and stored as 16-bit integer. Toibution of useful frequency bands for the ATF parameter. One
set up the noisy speech database for testing, we adde8NR and the other is the characteristics of the noise condition.
the prepared noisy signals to the recorded speech sigral®ur experiments (with a total of 600 utterances), the proba-
with different signal-to-noise-ratios (SNRs) including 0 dBbility that each band is selected as useful band for contributing to
5 dB, 10 dB, 15 dB, 20 dB, andcw dB. The duration the frequency energy under different noise conditions and SNRs
of each utterance used for testing the performance of tiseshown in Table Il. We used three noise conditions to see the
word boundary detection algorithm is about one secomffect of noise characteristics; they are multitalker babble noise,
(including silence.) A total of 600 utterances were used iockpit noise, and white noise. From the table, we have the fol-
our experiments. lowing observations. At high SNR (clean, greater than 20 dB),
4) Experimental ResultsThree algorithms were used in ourthe probability of each band being selected as useful band in
experiments; they are ATF-based robust algorithm, TF-bast clean environment is nearly the same, since little noise con-
robust algorithm, and TF without robust algorithm. The Tlkaminates any band in this case. At medium SNR (20 dB, 15
without robust algorithm uses no noise classification and mif, 10 dB), the useful bands gradually concentrate on the low
refinement procedure. It is used only for a reference to see fhequency part (band~tband 7). This is because the energy of
performance of the robust algorithm. The recognition rates nbise usually concentrates on high frequency bands. This con-
these three algorithms for four types of noise with differemtentration situation is more obvious at low SNR (5 dB, 0 dB),
SNRs are shown in Fig. 6. The results show that the ATF-basetiere the low-frequency speech signals are less contaminated.
robust algorithm outperforms the other two algorithms. In factVhen considering different noise conditions, we find that the
the ATF-based robust algorithm achieves higher recognitiaiseful bands under white noise and cockpit noise with low SNRs
rate than the TF-based robust algorithm by 3% on average. Thisre concentrate in low frequency than those under the mul-
shows that the ATF parameter outperforms the TF parametiéalker babble noise. In other words, the useful bands under the
for word boundary detection in noisy environment. The maimultitalker babble noise spread wider than those under the other
reason is that ATF can adaptively extracts useful frequentwyo types of noise. The reason is that the characteristics of mul-
information based on the mel-scale frequency bank. titalker babble noise are very similar to those of word signals.
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TABLE I
PROBABILITY OF EACH FREQUENCY BAND BEING SELECTED AS A USEFUL BAND FOR CONTRIBUTING
TO THE FREQUENCY ENERGY UNDER DIFFERENT NOISE CONDITIONS AND SNRs

‘White Noise
SNR Band index
1 2 |3 |4 |5 |6 17 18 |9 [10 {11 {12 |13 |14 |15 |16 |17 |18 |19 |20
Clean [sa |s6 |56 |56 |55 |56 |56 |s.5s 151 [43 [39 |aa |41 [42 [44 [54 |53 [53 |51 |as
20dB 4.5 f9.8 I9.6 [8.9 7.5 [7.0 |6.4 |55 |4.3 |3.8 3.6 3.8 |3.3 |2.8 |3.0 |35 |3.4 [3.4 [32 |29

15dB 3.1 {21.6}18.8114.717.3 [7.6 {49 {3.5 |20 |13 |13 |11 1o [13 17 16 |16 [20 [18 17

10dB |16 {31.8[27.5]18.0]5.4 {6.2 {41 {2.4 1.5 |04 |07 |03 jo.1 [o.0 [0.0 0.0 jo.0 [0.0 [oo Joa
5dB 5.7 131.5|25.4/15.8]56 {57 14.0 |3.1 |1.3 |0.5 |0.8 |0.6 |0.1 Jo.0 |0.0 |0.0 0.0 0.0 0.0-|0.0
0dB 12.6]30.4|22.812.1]5.6 |5.7 {5.3 |3.0 [1.0 lo.4 [0.6 l0.2 Jo.1 Jo.1 0.1 Jo.1 lo.0 |o.o [0.0 oo

(C)]

Babble Noise
SNR Band index
1 2 |3 |4 15 [6 |7 |8 |9 |10 |11 {12 {13 |14 |15 |16 {17 |18 |19 |20
Clean [s4 |56 |5.6 |56 [5.5 5.6 |5.6 |5.5 5.1 |43 [3.9 J4.1 |41 |42 [44 |54 |53 |53 [51 Jas

20dB |43 [8.0 |7.6 |74 [6.5 [6.3 |62 |59 5.1 |40 [3.7 |44 |3.7 |29 [3.0 |43 |48 |42 [42 |36

15dB |33 (12294 |89 [7.0 |63 |6.1 |54 4.3 |27 137 |43 |2.8 |16 [1.9 |3.1 |40 |42 [47 ]aa

10dB |24 [11.8{9.1 |7.3 [4.6 3.5 |4.8 |58 |50 |3.1 [4.7 |44 |38 |20 [1.4 |1.8 [39 |59 [75 |71

5dB 52 [7.7 (4.9 |4.8 |3.9 |22 |4.8 |53 4.8 [4.3 [59 |5.7 [3.4 |3.1 |23 |18 [4.0 l_s,4 89 8.7
0dB 54 153 |37 3.7 |3.3 [2.2 |46 [58 [6.4 |64 |76 |59 [4.8 3.4 {32 |23 |3.8

(b)

6.7 |18.1 |7.6

Cockpit Noise
SNR Band index
1 12 |3 [4 |5 (6 |7 |8 |9 |10 11 |12 {13 {14 |15 [16 (17 [18 |19 |20
Clean |s.4 [s6 |56 |s.6 |55 Is.6 |56 [s.5 |51 |43 [3.0 |41 |41 j4.2 [4.4 |54 [53 |53 js.1 |as

20dB 4.4 |86 [8.4 8.1 |7.2 {7.1 |6.3 |5.4 |4.4 [3.3 3.7 [3.4 [3.0 |2.8 [3.0 |42 |33 |49 |4.7 |38

15dB 3.7 |157|13.9]12.9[8.6 |9.1 |72 |40 [1.8 12 f1.7 {21 {15 13 f19 f25 3.3 |34 |34 |30
10dB |45 |19.3]18.5]15.2|9.6 |10.7]8.6 |4.1 |1.9 |0.4 [0.6 |1.5 |0o.5 o.1 |o.1 o3 fo.1 |1.0 {2.0 |09
5dB __ |s.0 |15.4]16.9]14.6]10.0111.0]10.4]4.6 |1.3 |03 }1.0 |2.1 Jo.5s 0.2 Jo.1 [0.3 |oo 113 |13 o6
0dB 11.4]13.0/14.4[13.8]10.5{10.9110.0{4.5 |2.6 0.7 {09 |1.7 |07 |0.2 |0.2 |04 |o.1 [24 [1.1 |06

©

They are both pronounced by human, not by the machine robust word boundary detection scheme based on the proposed
the others. Hence, the energy distribution of the additive (muM F parameter.
titalker babble) noise on each band is very close to that of the
word signal on each band. [ll. NEURAL Fuzzy NETWORK FORWORD BOUNDARY

Our experiments show that the ATF parameter can extract DETECTION
useful frequency information (energy) of word signal by using
the first vV, maximum total-energy bands without the need t
recognize SNRs and the types of noise. It can reliably yield og
vious word boundary and can be used to distinguish the wor

signal from noise. The main feature of the ATF parameter is iis Self-Constructing Neural Fuzzy Inference Network

ability to track the properties of varying noisy environment. The The neural fuzzy network that we used for word boundary

reliability of the ATF parameter less depends on SNRs and tge o i :
. . . . . 6tection is called the self-constructing neural fuzzy inference
characteristics of noise due to its adaptation ability.

The robust algorithm developed in [5] and used in thnetwork (SONFIN) that we proposed previously in [11]. The

. . - SONFIN is a general connectionist model of a fuzzy logic
above experiments requires empirically chosen thresholds;iem which can find its optimal structure and parameters

and ambiguous rules, which are not easily determined Byiomatically. There are no rules initially in the SONFIN, and
human. In fact, in our experiments, we have made evefiyey are created and adapted as on-line learning proceeds via
effort in tuning the thresholds of the robust algorithm to gefimultaneous structure and parameter learning. The SONFIN
the best performance for our noisy speech database and gt always find itself an economic network size, and the
environment. Some researchers used neural network’s learng@ning speed as well as the modeling ability are all superior
ability to attack this tuning problem. Even though, the numbés normal neural networks.

of hidden layer and the number of the nodes per hidden layerThe structure of the SONFIN is shown in Fig. 7(a). This six-
for a neural network still need to be determined. The lack tdyered network realizes a fuzzy model of the following form:
an effective method to learn the network structure is usually . .

a drawback. In the following section, we shall use a neural Ruled: IF zy is A;y and- - -anda,, is A

fuzzy network with structure learning ability to develop another THEN y is mo; + a2 + - - (18)

In this section, we shall first introduce a neural fuzzy network
nd then propose a robust word boundary detection scheme

8sed on this network with the ATF parameter as input pattern.
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Fig. 7. (a) Network structure of the SONFIN. (b) Flowchart of the SONFIN-based word boundary detection procedure.

where equal to that in Layer 3, and the result (firing strength) calcu-
A;;  fuzzy set; lated in Layer 3 is normalized in this layer. Layer 5 is called
mo; center of a symmetric membership functionsgn the consequent layer. Two types of nodes are .used ip th?s layer,
and they are denoted as blank and shaded circles in Fig. 7(a),
respectively. The node denoted by a blank circle (blank node)
It is noted that unlike the traditional TSK model [12], [21], [22]is the essential node representing a fuzzy set of the output vari-
where all the input variables are used in the output linear equsle. The shaded node is generated only when necessary. One
tion, only the significant ones are used in the SONFIN, i.e., soroéthe inputs to a shaded node is the output delivered from Layer
ai;'s inthe above fuzzy rules are zero. We shall next describe theand the other possible inputs (terms) are the selected signif-
functions of the nodes in each of the six layers of the SONFIant input variables from Layer 1. Combining these two types
Each node in Layer 1, which corresponds to one input vanf nodes in Layer 5, we obtain the whole function performed
able, only transmits input values to the next layer directly. Eaddy this layer as the linear equation on the THEN part of the
node in Layer 2 corresponds to one linguistic label (small, largeizzy logic rule in (18). Each node in Layer 6 corresponds to
etc.) of one of the input variables in Layer 1. In other words, thane output variable. The node integrates all the actions recom-
membership value which specifies the degree to which an inpnénded by Layer 5 and acts as a defuzzifier to produce the final
value belongs a fuzzy set is calculated in Layer 2. A node inferred output.
Layer 3 represents one fuzzy logic rule and performs precon-Two types of learning, structure and parameter learning, are
dition matching of a rule. The number of nodes in layer 4 igsed concurrently for constructing the SONFIN. The structure

aj;  consequent parameter.
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Fig. 8. Recognition rates of three word boundary detection algorithms (ATF-based SONFIN, ATF-based robust algorithm, and hand labeling) incas&rDC-
recognition system across six SNRs and four noise conditions.

learning includes both the precondition and consequent strenergy, Noise_time, as in (17), is the average of the logarithm
ture identification of a fuzzy if-then rule. For the parametenf the rms energy on the first five frames of “relative silence” at
learning, based upon supervised learning algorithms, the pardahe beginning of the recording. Before entering the SONFIN, the
eters of the linear equations in the consequent parts are adjuskede input parameters are normalized to be in [0, 1]. For each
to minimize a given cost function. The SONFIN can be usddput vector (corresponding to a frame), the output of SONFIN
for normal operation at any time during the learning procesmdicates whether the corresponding frame is a word signal or
without repeated training on the input—output patterns whewise. For this purpose, we used two (output) nodes in Layer 6
on-line operation is required. There are no rules in the SONFI{ the SONFIN, where the output vector of (1, 0) standing for
initially, and they are created dynamically as learning proceed®srd signal, and (0, 1) for noise.

upon receiving on-line incoming training data by performing The SONFIN was trained by a set of 80 training patterns,
the following learning processes simultaneously: a) input/outpwhich were randomly selected from four noise conditions with
space partitioning, b) construction of fuzzy rules, c) optimalifferent SNRs. These training patterns are classified as word
consequent structure identification, and d) parameter identiignal or noise by using waveform, spectrum displays and audio
cation. Processes a), b), and c) belong to the structure learningput. Among the 80 training patterns, 40 patterns are from
phase and process D belongs to the parameter learning phaged sound category with the desired SONFIN output vector
The details of these learning processes can be found in [11].being (1, 0), and the other 40 from noise category with the

) desired SONFIN output vector being (0, 1). We usually used
B. SONFIN for Word Boundary Detection the frames around the word-noise transition area as the training
The procedure of using the SONFIN for word boundary dgpatterns, because these ambiguous training patterns make the

tection is illustrated in Fig. 7(b). The input feature vector of thBONFIN get more accurate word boundary in noisy environ-
SONFIN is a combination of the average energy of backgrountent. After training, there were only 14 rules generated in the
noise (Noise_time), adaptive time-frequency (ATF) paramet&fONFIN.

and zero-crossing rate. The three parameters in an input featuréhe SONFIN after training is ready for word boundary detec-
vector are obtained by analyzing a frame of signal. Hence thdi@n. As shown in Fig. 7(b), the outputs of the SONFIN are pro-
are three (input) nodes in Layer 1 of the SONFIN. Here the noisessed by a decoder. The decoder decodes the SONFINs output
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Fig. 9. Recognition error rates of four word boundary detection algorithms (ATF-based SONFIN, ATF-based robust algorithm, TF-based robostahglorit

TF without robust algorithm) in an MTDC-based recognition system across six SNRs and four noise conditions.

vector (1, 0) as value 100 standing for word signal, and (0, 1) exference) to the total number of recognition errors of the de-
value 0 standing for noise. In addition, we let the output wavéection algorithm [5]. More precisely, let the recognition errors
form of the decoder pass through a three-point median filtebtained when using hand labeling B, and the recognition
to eliminate the undesired “impulse” noise. Finally, we recogerrors obtained when using automatic word boundary detec-
nize the word-signal island as the part of the filtered wavefortion algorithm beE,;. Then the recognition error rate is given
whose magnitude is greater than 30, and durationis long enolyh( E.; — F1,1)/Ea. This index represents the percentage of
(by setting a threshold value). We then send the part of originalcognition errors attributable to word boundary detection er-
signal corresponding to the allocated word-signal island to orars relative to the total number of errors, where the recogni-
word recognition system. tion rate with hand-labeled boundaries is used as a reference.
To verify the performance of the SONFIN for word boundaryhese results show that, by using the same three parameters
detection, the experiments performed in Section II-C are pg€Noise_time, ATF, and zero-crossing rate), the SONFIN out-
formed here again, with the robust algorithm replaced by tiperforms the robust algorithm by about 2% in recognition rate.
SONFIN. The results are shown in Fig. 8. Again, the perfoAs a total, the ATF-based SONFIN had higher recognition rate
mance evaluation of word boundary detection is based on than the TF-based robust algorithm in [5] by about 5%. Also,
recognition rate of the same speech recognition system aghie ATF-based SONFIN reduced the recognition error rate due
Section II-C. In Fig. 8, we also show the performance of the rte endpoint detection to about 10%, compared to about 20%
bust algorithm with ATF parameter used in Section II-C, and thabtained with the ATF-based robust algorithm, about 30% ob-
performance of hand labeling (i.e., manually determined bourtdined with the TF-based robust algorithm, about 40% obtained
aries.) Considering another performance index, we examinsih the TF without robust algorithm, and about 50% obtained
the recognition error rates averaged across the four noise cetith the modified version of the Lamet al. algorithm [3], [4].
ditions due to word boundary detection as a function of SNRSe also found that the SONFIN could approach the result of
as shown in Fig. 9. Here, the recognition error rate is the rati@nd labeling, which is usually considered as the optimum re-
of the recognition errors due to wrong word boundary detestllt for reference. Notice that, in the above tests, all the thresh-
tion (taking recognition scores obtained with hand-labels asolls of the robust algorithm were tuned exhaustively to achieve
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Fig. 10. Recognition error rates of four word boundary detection algorithms (ATF-based SONFIN, ATF-based robust algorithm, TF-based robosteaidori
TF without robust algorithm) in an MFCC-based HMM recognition system across six SNRs and four noise conditions.

the best performance in our test environments. In the hand thetection in the noisy environment. Due to the self-learning
beling process for word boundary detection, we allowed thrability of SONFIN, the proposed algorithm avoids the need
trials. That is, if the hand-labeled segment of the test signal waisempirically determining thresholds and ambiguous rules in
not recognized correctly by the speech recognizer, the signarmal word boundary detection algorithms. This is the first
was relabeled again manually. If the second trial failed, we penotivation for us to use SONFIN in such an application. Due to
formed the third trial. A hand-labeled segment was classified tige physical meaning of fuzzy if-then rule, each input node in
an error word boundary only when all the three trials failed. Thite SONFIN is only connected to its related rule nodes through
rigor hand labeling process might be the reason that the averagaerm nodes, instead of being connected to all the rule nodes
recognition error rate of the TF-based robust algorithm in our Layer 3 of the SONFIN. This results in a small number of
tests is higher than that reported in [5]. weights to be tuned in the SONFIN. In contrast, in the normal
After learning, the SONFIN generated ten membershiplly connected neural networks such as backpropagation
functions in the input dimension (variable) “Noise_time’hetwork and radical basis function network [23], the number of
representing the energy of environment noise [see (17)]. timing weights is usually large as compared to the number of
other words, the SONFIN automatically classified the energule nodes learned in the SONFIN for the same learning task.
of background noise into tefuzzycategories. As comparedThis forms our second motivation for the use of SONFIN in
to the robust algorithm in [5] (see Section II-C) which classihis paper.
fied the noise energy into thresxispy levels (high, medium, In order to see the performance of our algorithms on other
and low) by empirically human determination, the SONFINpeech features and recognizer, we replace the MTDC-based
provided more precise noise classification by self-learningecognizer used in the previous experiments by the MFCC
Similarly, the SONFIN automatically classified the other twgmel-frequency cepstral coefficient)-based HMM recognizer
features, ATF and zero-crossing rate, into 11 andfuzzy with temporal filter in another set of experiments, where the
categories by learning proper membership functions. This is tteemporal filter is used to remove the noise components in the
important reason why the SONFIN could get reasonably higbature extraction phase. The number of coefficients of each
classification rate by using only 14 rules for the word boundafyame used in this HMM recognizer is 26, including MFCCs,
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energy, delta MFCCs and delta energy, and the analybigabout 2% than the ATF-based robust algorithm, and thus by
order is 24. Each Mandarin digits is modeled by a five-statabout 5% than the TF-based robust algorithm. On the other per-
left-to-right, continuous density HMM. In the HMM, eachformance index, the ATF-based SONFIN reduced the recogni-
state is split into two streams, and a mixture Gaussian dendityn error rate due to endpoint detection to about 10%, compared
with two mixture components in each stream is assigned ttmabout 20% obtained with the ATF-based robust algorithm.

each state observation probability. The recognition error rates
averaged across the four noise conditions due to word boundary
detection as a function of SNRs are shown in Fig. 10. The
results show that the conclusions on the good performance oft!
the proposed word boundary detection algorithms still hold on
the common speech features and recognizer. [2]

Although the SONFIN has the advantages of small network 3
size, high learning speed, and high learning accuracy, its merit
are obtained at the expense of longer CPU time. The CPU time
of these algorithms running in Pentium 90 for processing 1001
frames of a speech signal is recorded as follows:

(5]
e Feature extraction procedures: 5
TF parameter  (0.49455) 1ol
ATF parameter (0.5494 s)
[71
e Word detection algorithms:
TF-based robust algorithm  (0.5011 s)
ATF-based SONFIN (0.95135) 8]

Extracting the ATF parameter needs more computation time
than the TF parameter due to the multiband analysis of the®!
former as compared to the single-band analysis of the latter. Theo)
computation time of SONFIN is mainly taken in calculating
the Gaussian membership functions, compared to the crispy
decision rules (threshold comparisons) in the robust algorithmya1)

IV. CONCLUSIONS [12]

In this paper, we have proposed a reliable paramatiap-
tive time-frequenc{ATF), that possesses both the time and fre-
guency features for word boundary detection in noisy environfi4]
ment. This parameter adaptively adopts some useful bands from

. 15]
20 mel-scale frequency bands for producing useful frequencgl
feature to enhance time feature in noisy environment. Comparie]
ative study has shown that the ATF parameter is very beneficial
for several SNRs and noise conditions (including clean speecl'[1l,7]
for which very good results were obtained.) The new ATF pa-
rameter increased by about 3% the recognition rate of a robur%ltS]
word detection algorithm, which adopts the original TF param-
eter (TF-based robust algorithm). It also reduced the recogniji9]
tion error rate due to endpoint detection to about 20%, com-
pared to an average of approximately 30% obtained with th@O]
TF-based robust algorithm, 40% obtained with TF without ro-
bust algorithm, and 50% obtained with the modified version of
the Lamelet al. algorithm. Based on the ATF parameter, we 59
have also proposed a word boundary detection scheme based
on a neural fuzzy network, SONFIN. The SONFIN can learn by[22]
itself the (fuzzy) word boundary detection rules and the classi*
fication of background noise. The performance of the SONFIN
with ATF parameter has been evaluated across several SNIES!
and noise conditions. Our experiments showed that the proposed
scheme (ATF-based SONFIN) achieved higher recognition rate

(13]
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